Background
==========

Tuberculosis is an infectious disease which causes millions of deaths each year. *M. tuberculosis*\--the causative agent of tuberculosis\-- infects around one-third of the world\'s population \[[@B1],[@B2]\]. Tuberculosis is one of the most common opportunistic infections in HIV-infected patients and it is also one of the most common death causes among HIV patients \[[@B3],[@B4]\].

Host-pathogen PPIs are essential for a pathogen\'s colonization, adhesion and invasion of host cells, which are crucial for the understanding of infection mechanism and the interaction between pathogen and host. Unfortunately, high-quality large-scale experimental host-pathogen PPIs are not available in many host-pathogen systems, especially between *H. sapiens*and *M. tuberculosis*H37Rv. Many computational approaches have been developed to predict host-pathogen PPIs including approaches based on homology, interacting domain/motif, structure, and even machine learning \[[@B5]\]. DDI-based approaches are often used for predicting both intra-species and inter-species PPIs, with the assumption that domain-domain interactions mediate the protein-protein interactions, because domains are the basic building blocks determining the structure and function of proteins \[[@B5]\].

In this work, we develop a stringent DDI-based approach for predicting the *H. sapiens-M. tuberculosis*H37Rv PPIs by taking into account of the differences between each specific domain sequence (we name it \"domain instance\") on each annotated region of proteins under the same domain ID. The interactions between query domain instances are made based on very stringent sequence alignment to the structural template domain instances. Moreover, we adopt an effective scoring strategy in ranking how likely the predicted proteins are interacting with each other by examining the interacting residues in the interaction interfaces. As long as the two amino acids have one of the atomic interaction: hydrogen bonds, electrostatic or van de Waals interactions between two domain instances that are defined as interacting residues in this study. Thus, we are standing on a much more stringent and finer level of domain interaction by examining not only the sequence similarity of each domain instances but also the interaction interface compatibility between them. In contrast, conventional DDI-based approaches generally use some popular tools to annotate the domains in proteins and then see whether two proteins contain a pair of domains whose IDs match a pair of domains that are known to interact in some other pair of proteins. Matching query domain instance to template domain instance based on domain ID\--as done in such conventional DDI-based approaches\--is rather coarse and often leads to matching of domain instances that do not have the same interaction interfaces.

Using gold standard *H. sapiens*PPIs, we assess the performance of our stringent DDI-based approach and the conventional DDI-based approach by comparing their precision-recall curves and the number of predicted PPIs overlapping with gold standard PPIs. We also use the percentage of coherent informative Gene Ontology(GO) annotations to assess the predicted *H. sapiens*PPIs to compare the performance of our stringent DDI-based approach and the conventional DDI-based approach. These assessments demonstrate that our stringent DDI-based approach has much better performance than a conventional DDI-based approach. Cellular compartment distribution analysis, pathway enrichment analysis, and functional category enrichment analysis supports the validity of our predicted *H. sapiens-M. tuberculosis*H37Rv PPI dataset. Our stringent DDI-based approach can be used for predicting host-pathogen PPIs in a variety of different host-pathogen systems. We have also discovered some interesting properties of both pathogen and host proteins participating in host-pathogen PPIs, including the tendency to have more domains, and the domains on the proteins involved in host-pathogen PPIs tend to have much higher degrees.

Methods
=======

Our stringent DDI-based approach predicts PPIs by inferring domain instance interactions from structural template domain instance interactions. Using the MUSCLE alignment program \[[@B6]\], we accurately align query protein domain instances to template domain instances using a stringent threshold(length difference *≤*20% and sequence similarity *≥*50%) and transfer the possible interactions between template structural domain instances to our query domain instances. Here the length difference is calculated by the difference of length (longer sequence length minus shorter sequence length) divided by the length of query domain instance; sequence similarity is the number of correctly aligned residues divided by the length of query domain instance.

We then predict the possible PPIs from interacting query domain instances. The structural domain instances are extracted from the 3did database \[[@B7]\]. Each interacting query domain instance pair is scored according to the similarity of the interaction residues in the interaction interfaces, and the best query instance score is used to represent the interaction strength of the predicted PPI (how likely the two proteins in the PPI are interacting each with other). We predict both host-pathogen (*H. sapiens-M. tuberculosis*H37Rv) and intra-species (*H. sapiens*) PPIs in this work. For a comparison study, we use a conventional DDI-based approach \[[@B8]\] to predict possible intra-species (*H. sapiens*) PPIs. We assess our stringent DDI-based approach and the conventional approach using gold standard *H. sapiens*PPIs and by the percentage of the predicted PPIs that have coherent informative GO annotation. These assessments show that our stringent DDI-based approach has better performance in predicting PPIs than the conventional approach. Cellular compartment distribution analysis, pathway enrichment analysis, and functional enrichment analysis support our prediction results and show that the predicted PPIs correspond to the *M. tuberculosis*H37Rv infection process. We further analyze some of the basic domain properties of proteins involved in the host-pathogen Protein-Protein Interaction Network (PPIN), comparing with other proteins involved in intra-species PPIN, by examining the number of domains and domain interaction degrees.

PPI prediction\--our stringent DDI-based approach
-------------------------------------------------

It is a reasonable assumption that an observed interaction between two domain instances can be used to infer the interaction of another domain instance pair, provided the two domain instance pairs are sufficiently similar as to preserve the relevant interaction interfaces. Specifically, consider two protein domains A and B. Let *A~i~*and *B~i~*be two instances of domain A and B, respectively. Suppose we know that these two instances have a direct physical interaction (from the crystal structure of a protein complex). Given the observation of *A~i~*and *B~i~*, one could infer the interaction of another instance pair of A and B, *A~j~*and *B~j~*, by using a sequence similarity threshold between (*A~i~, B~i~*) and (*A~j~, B~j~*).

In general, conventional DDI-based approaches disregard the details of the interaction between these domain instances in the real 3D space\--i.e., the interaction interface between the two instances\--and thus effectively match the domain instances based on name. In contrast, we formulate a stringent approach that emphasizes the similarity of the interaction interface of the domain instances. Specifically, we assign a positive prediction score on pairs with high interface residue similarity with respect to the observed interaction instances in the existing protein structural data.

The data on structural domain instances, including the interacting domain pair, the structural and sequence details of interacting domain instances, the interacting residues in the interaction interfaces are extracted from the 3did database \[[@B7]\]. These individual domain instances with 3did structural data serve as \"template domain instances\", and pairs of interacting domain instances with 3did structural data serve as \"template interacting domain instance pairs\". The fasta sequences of all *H. sapiens*and *M. tuberculosis*H37Rv proteins are obtained from Uniprot \[[@B9]\]. Their respective protein domain annotations are obtained from InterPro \[[@B10]\], from which we collect the sequences of domain instances which have at least one template domain instance from 3did. These domain instances are named the \"query domain instances\". They are aligned to each of the template domain instances under the same domain ID using the MUSCLE alignment program \[[@B6]\]. Only query domain instances meeting the stringent threshold of length difference *≤*20% and sequence similarity*≥*50% are kept for the following analysis. For each pair (*A~i~, B~i~*) of query domain instances that meets the stringent alignment threshold to a template interacting domain instance pair (A, B), we infer the interaction interface residues in (*A~i~, B~i~*) as the residues that are aligned to the interaction interface residues in (A, B). A score of this interaction interface of (*A~i~, B~i~*) is then computed by summing the BLOSUM62 substitution score \[[@B11]\] between the residues in this interaction interface and the corresponding residues in the interaction interface of (A, B) that they are aligned to. This score is defined as the \"domain instance interaction strength\". Query domain instances with multiple possible template instances are scored based on the template with the best domain instance interaction strength. For any possible pair of proteins, if they have a query domain instance pair (one domain instance on each of the two proteins), then these two proteins are predicted to be interacting with an interaction score equaling the domain instance interaction strength of that query domain instance pair. If the protein pair has more than one underlying query domain instance interaction pair, then the query domain instance pair with the best score is used to represent the protein pair. This best score is taken as \"interaction strength\" of this protein pair.

We apply this DDI-based prediction approach on human proteins and this results in 839 predicted human intra-species PPIs. We also predict inter-species PPIs (*H. sapiens-M. tuberculosis*H37Rv) to identify a set of potential host-pathogen PPIs; the result is visualized in Figure [1](#F1){ref-type="fig"}.

![**Visualization of the predicted *H. sapiens-M. tuberculosis*H37Rv PPI network. The orange dots are *M. tuberculosis*H37Rv proteins, while the blue dots are *H. sapiens*proteins**.](1752-0509-7-S6-S6-1){#F1}

PPI prediction\--a conventional DDI-based approach
--------------------------------------------------

The conventional DDI-based approach predicts how likely two proteins are interacting with each other by integrating known intra-species PPIs with domain profiles based on an association method (sequence-signature algorithm) proposed by Sprinzak *et al*. \[[@B12]\] Specifically, domains are annotated in each protein in a known intra-species PPI dataset. Then, the probability *P*(*d, e*) that two proteins containing a specific pair of domains (*d, e*) would interact is estimated for each pair of domains in a Bayesian manner. Finally, given a new pair of proteins, their probability of interaction is estimated by a naive combination $\left( {= \; 1 - \prod_{i}\prod_{j}\left( {1 - P\left( {d_{i},e_{j}} \right)} \right)} \right)$ of the probabilities from each pair of domains (*d~i~, e~j~*) contained in the pair of proteins \[[@B8]\]. This predicted probability(called \"interaction strength\" of the conventional approach) can be used to rank the list of predicted PPIs.

This conventional DDI-based approach is applied to predict host-pathogen PPIs as follows. For each pair of proteins (one in *H. sapiens*and one in *M. tuberculosis*), we compute their probability of interactions as described above based on DDIs in a yeast physical PPI dataset collected from MINT \[[@B13]\], BioGRID \[[@B14]\], and IntAct \[[@B15]\]. This conventional DDI-based approach is also applied to predict human intra-species PPIs. In this case, for each pair of proteins (both in *H. sapiens*), we compute their probability of interactions as described above based on DDIs in the same yeast physical PPI dataset. As a control study, we ensure that the domains considered are the same domain set considered in the stringent DDI-based approach\--i.e., we restrict the domain set to domains contained in 3did.

Assessment based on gold standard *H. sapiens*PPIs
--------------------------------------------------

Because no large-scale high-quality *H. sapiens-M. tuberculosis*PPI dataset is currently available, we can only assess the performance of the stringent and the conventional DDI-based approaches in a intra-species system. We use both the stringent and the conventional DDI-based approach to predict possible *H. sapiens*PPIs and assess the predicted PPI datasets using gold standard *H. sapiens*PPIs. The gold standard *H. sapiens*PPIs are the physical PPIs collected from MINT \[[@B13]\], BioGRID \[[@B14]\], and IntAct \[[@B15]\]. We sort the predicted *H. sapiens*PPIs according to their predicted \"interaction strength\" in the respective DDI-based approaches, and compare the top PPIs with the gold standard *H. sapiens*PPIs. For the stringent DDI-based approach, we sort the prediction results and iterate 10 PPIs at a time\--which means the first time we choose all the top 839 PPIs, the second time we choose the top 829 PPIs, etc.\--and then we compare with the gold standard *sapiens*PPIs to calculate the precision and recall and plot the precision-recall curve. The precision-recall curve of the conventional DDI-based approach is plotted in the same way. The precision-recall curves are plotted together for a better comparison in Figure [2](#F2){ref-type="fig"}.

![**Assessment of the stringent and the conventional DDI-based approaches through gold standard *H. sapiens*PPIs**.](1752-0509-7-S6-S6-2){#F2}

As the two PPI datasets predicted by the stringent and the conventional DDI-based approaches are very different in the number of PPIs, their precision-recall curves may not be sufficient for judging the performance of the two prediction approaches. So we choose some special points to provide a more informative statistics. The stringent DDI-based approach predicted 839 *H. sapiens*PPIs and 82 of which overlap with the gold standard PPIs. We consider a similar amount of conventional-approach predicted *H. sapiens*PPIs(top 885 PPIs), and see how many of these predicted PPIs overlap with gold standard. We also choose another point on the precision-recall curve, that has a similar number of overlapping PPIs with the gold standard as the stringent DDI-based approach, and see how many predictions are made by conventional DDI-based approach. The results are shown in Table [1](#T1){ref-type="table"}.

###### 

Assessment of the stringent and the conventional DDI-based approaches through gold standard *H. sapiens*PPIs.

  Conventional DDI-based Approach    Overlap with Gold Standard
  ---------------------------------- --------------------------------
  Top 3085 PPIs                      81
  Top 885 PPIs                       11
                                     
  **Stringent DDI-based Approach**   **Overlap with Gold Standard**
                                     
  All 839 PPIs                       82

This table summarizes the assessment of the stringent and the conventional DDI-based approaches through gold standard human PPIs. In order for the conventional DDI-based approach to attain an amount of overlap with gold standard human PPIs similar to the stringent DDI-based approach, a much larger number of (false positive) predicted PPIs must be accepted. Conversely, if the conventional DDI-based approach is restricted to a similar number of predictions as the stringent DDI-based approach, a much lower overlap with gold standard human PPIs must be accepted.

Assessment using coherent informative GO annotation of predicted *H. sapiens*PPIs
---------------------------------------------------------------------------------

A PPI is more likely to be real, if its two protein components have coherent GO annotation\--i.e., the two proteins are annotated with at least one \"informative\" GO term in common. The percentage of PPIs having coherent GO annotation is also frequently used in assessing the quality of the PPI dataset \[[@B16]\]. Note that GO contains three hierarchical ontologies, and terms at the root level have more proteins annotated with them, while terms at the leaf level have fewer proteins annotated with them. In order to avoid bias, we only keep informative GO terms for the assessment here. An informative GO term is defined as a GO term that has at least 30 proteins annotated with it but each of its child terms has fewer than 30 proteins annotated with it. This definition of informative GO term is also used in another work \[[@B16]\] for assessing PPI dataset quality in *M. tuberculosis*H37Rv. For the PPI datasets predicted by the stringent DDI-based approach and by the conventional DDI-based approach, the PPIs in each dataset are sorted according to their respective \"interaction strength\" (which is an indicator of how likely the PPIs are real), then the percentage of PPIs that has coherent informative GO terms are calculated. For each dataset we move along from the bottom to the top to set the threshold of how many top PPIs are considered, and calculate the percentage of these PPIs having coherent informative GO terms. For the stringent DDI-based approach we choose an interval of 10 PPIs and move along from the bottom to the top(e.g. top 839 PPIs, top 829 PPIs, etc.), then calculate the percentage of PPIs that have coherent informative GO terms and plot the percentage; see Figure [3](#F3){ref-type="fig"}. For the conventional DDI-based approach, we plot the percentage in the same way; but as the conventional DDI-based approach predicts much more PPIs, we choose interval of 1000 PPIs while making the plot; see Figure [4](#F4){ref-type="fig"}. To better compare and assess the performance of the stringent and the conventional DDI-based approaches, we focus on the top 839 PPIs predicted by both approaches, choosing interval of 10 PPIs as we plot the percentage of PPIs having coherent GO annotation on the same figure; see Figure [5](#F5){ref-type="fig"}. When assessing the quality of two PPI datasets based on informative GO terms, the number of GO terms that are annotated to the proteins of that PPI dataset also influences the percentage of PPIs having coherent informative GO terms in that dataset. Therefore we summarize the number of informative GO terms in the 839 PPIs predicted by the stringent DDI-based approach, and the number of informative GO terms in the 724185 PPIs and in the top 839 PPIs predicted by the conventional DDI-based approach; see Table [2](#T2){ref-type="table"}. All these analysis results support the conclusion that our stringent DDI-based approach is better at predicting reliable PPIs especially when it comes to a small-scale dataset.

![**Informative GO assessment of the PPIs predicted by the stringent DDI-based approach**.](1752-0509-7-S6-S6-3){#F3}

![**Informative GO assessment of the PPIs predicted by the conventional DDI-based approach**.](1752-0509-7-S6-S6-4){#F4}

![**Informative GO assessment of the top 839 PPIs predicted by the stringent and the conventional DDI-based approaches**. \"Acc.\" means the PPIs predicted by the stringent DDI-based approach; \"Conv.\" means the PPIs predicted by the conventional DDI-based approach.](1752-0509-7-S6-S6-5){#F5}

###### 

Number of informative GO terms annotated to proteins involved in PPIs predicted by the stringent and the conventional DDI-based approach.

  Conventional DDI-based Approach    CC term No.       BP term No.       MF term No.
  ---------------------------------- ----------------- ----------------- -----------------
  All 724185 PPIs                    140               880               247
  Top 839 PPIs                       28                94                34
  **Stringent DDI-based Approach**   **CC term No.**   **BP term No.**   **MF term No.**
  All 839 PPIs                       116               820               237

This table summarizes the number of informative GO terms annotated to proteins involved in PPIs predicted by the stringent and the conventional DDI-based approach.

Cellular compartment distribution of *H. sapiens*proteins targeted by the predicted host-pathogen PP
----------------------------------------------------------------------------------------------------

The assessments above prove that our stringent DDI-based approach has a much better performance than the conventional DDI-based approach in predicting more reliable intra-species PPIs. We now analyze the host-pathogen PPIs predicted by our stringent DDI-based approach.

The cellular compartments of the *H. sapiens*proteins targeted by the predicted *H. sapiens-M. tuberculosis*H37Rv PPIs are useful in telling the quality of the predicted host-pathogen PPIs. If the targeted *H. sapiens*proteins are located in cellular compartments that are very relevant to the pathogen\'s infection or are very likely to be involved in interactions with the pathogen, then the result supports the host-pathogen predictions. Gene Ontology (Cellular Compartment, CC) is a very comprehensive annotation system for human proteins. However, as the Gene Ontology is hierarchical, we only use informative CC terms for our analysis.

Different from using the coherent informative GO annotation for the assessment of the human intra-species PPI dataset, we choose a different resolution of the GO terms for the category distribution analysis of human proteins involved in *H. sapiens-M. tuberculosis*PPIs: An informative CC term is defined here to be a term that has at least 90 proteins annotated with it, but each of its child terms has less than 90 proteins annotate with it. The cellular compartment distribution tells how many proteins(and the percentage) in the datasets fall into each cellular compartment. We show the cellular compartments of the *H. sapiens*proteins that are targeted by the stringent DDI-based prediction approach in Table [3](#T3){ref-type="table"} and Figure [6](#F6){ref-type="fig"}.

###### 

Cellular compartment distribution of *H. sapiens*proteins targeted by host-pathogen PPIs predicted by the stringent DDI-based approach.

  Cellular Compartment                                       Percentage(%)   No. of Proteins
  ---------------------------------------------------------- --------------- -----------------
  GO:0005759 mitochondrial matrix                            40.91%          18
  GO:0005730 nucleolus                                       6.82%           3
  GO:0045211 postsynaptic membrane                           6.82%           3
  GO:0005741 mitochondrial outer membrane                    4.55%           2
  GO:0016469 proton-transporting two-sector ATPase complex   4.55%           2
  GO:0044439 peroxisomal part                                4.55%           2
  GO:0005813 centrosome                                      4.55%           2
  GO:0031965 nuclear membrane                                4.55%           2
  GO:0048471 perinuclear region of cytoplasm                 4.55%           2
  GO:0019861 flagellum                                       2.27%           1
  GO:0016324 apical plasma membrane                          2.27%           1
  GO:0005925 focal adhesion                                  2.27%           1
  GO:0030027 lamellipodium                                   2.27%           1
  GO:0035770 ribonucleoprotein granule                       2.27%           1
  GO:0016605 PML body                                        2.27%           1
  GO:0016607 nuclear speck                                   2.27%           1
  GO:0030018 Z disc                                          2.27%           1

This table summarizes cellular compartment distribution of *H. sapiens*proteins targeted by host-pathogen PPIs predicted by the stringent DDI-based approach.

![**Cellular compartment distribution of *H. sapiens*proteins targeted by host-pathogen PPIs predicted by the stringent DDI-based approach**.](1752-0509-7-S6-S6-6){#F6}

Functional enrichment analysis of proteins involved in host-pathogen PPIs
-------------------------------------------------------------------------

Functional enrichment analysis is important for revealing the functional relevance of the proteins involved in the host-pathogen PPIs predicted by our stringent DDI-based approach. The presence of enriched(over-represented) functional categories that are closely related to pathogen infection, serves as a support for the validity of the predicted host-pathogen PPIs. The Gene Ontology (Molecular Function, MF) is a comprehensive functional annotation system. Therefore we conduct MF term enrichment analysis on the *H. sapiens*proteins involved in the *H. sapiens-M. tuberculosis*H37Rv PPIs predicted by our stringent DDI-based approach. We use the DAVID database \[[@B17]\] for the GO term enrichment analysis. Results are shown in Table [4](#T4){ref-type="table"} (significantly enriched level 5 MF terms, threshold \"count *\>*2, p-value *\<*0.1\"). On the other hand, as we have found in another work \[[@B16]\], most of the GO annotations for *M. tuberculosis*H37Rv are not specific enough to provide effective functional enrichment analysis. Thus, the functional analysis of *M. tuberculosis*H37Rv proteins are not discussed in this work.

###### 

Functional enrichment analysis of *H. sapiens*proteins involved in the host-pathogen PPI dataset predicted by the stringent DDI-based approach.

  ----------------------------------------------------------------------------- -------------
  **GO terms**                                                                  **p-value**
  GO:0050660 FAD binding                                                        2.27E-11
  GO:0016462 pyrophosphatase activity                                           3.64E-06
  GO:0004022 alcohol dehydrogenase (NAD) activity                               8.70E-06
  GO:0032559 adenyl ribonucleotide binding                                      9.27E-05
  GO:0042626 ATPase activity, coupled to transmembrane movement of substances   6.54E-04
  GO:0015405 P-P-bond-hydrolysis-driven transmembrane transporter activity      1.09E-03
  GO:0042625 ATPase activity, coupled to transmembrane movement of ions         1.27E-03
  GO:0000287 magnesium ion binding                                              8.04E-03
  GO:0004466 long-chain-acyl-CoA dehydrogenase activity                         1.28E-02
  GO:0003960 NADPH:quinone reductase activity                                   2.55E-02
  GO:0070402 NADPH binding                                                      2.55E-02
  GO:0004745 retinol dehydrogenase activity                                     6.25E-02
  GO:0019841 retinol binding                                                    7.45E-02
  GO:0042288 MHC class I protein binding                                        9.81E-02
  ----------------------------------------------------------------------------- -------------

This table summarizes the significantly enriched level 5 MF (Molecular Function) GO terms for *H. sapiens*proteins involved in the host-pathogen PPI dataset predicted by the stringent DDI-based approach. The analysis is produced using the DAVID database (threshold \"count *\>*2, p-value *\<*0.1\").

Pathway enrichment analysis of proteins involved in host-pathogen PPIs
----------------------------------------------------------------------

Pathway data are very important functional information for identifying a list of proteins\' overall related functions in a cell. For a set of proteins which is significantly enriched in some pathways, it is very likely that this set of proteins play similar or co-ordinated roles *in vivo*. Thus, pathway enrichment analysis is also one of the most frequently used strategy for analyzing predicted host-pathogen PPIs.

We use the IntPath \[[@B18]\] database for the pathway enrichment analysis. IntPath is currently one of the most comprehensive integrated pathway databases. The \"Identify Pathways\" function in IntPath can identify the pathway enrichment of an input gene list. The \"Identify Pathways\" function in IntPath \[[@B18]\] adopts the hypergeometric test to identify the input gene list\'s over-representation(enrichment) in the pathways. For the *H. sapiens*protein set predicted by the stringent DDI-based approach, the pathway enrichment analysis result is shown in Table [5](#T5){ref-type="table"}.

###### 

Pathway enrichment analyses of *H. sapiens*proteins involved in the host-pathogen PPI dataset predicted by the stringent DDI-based approach.

  Pathway names                                p-value
  -------------------------------------------- ----------
  Metabolic Pathways                           4.82E-24
  Fatty Acid Metabolism                        4.04E-21
  Valine, Leucine and Isoleucine Degradation   7.90E-19
  Fatty Acid Beta Oxidation                    5.00E-11
  Glycolysis and Gluconeogenesis               4.84E-10
  2-Oxobutanoate Degradation I                 8.42E-10
  p53 Signaling Pathway                        3.86E-09
  Ethanol Degradation II (cytosol)             5.92E-09

This Table shows the 8 most significantly enriched pathways for *H. sapiens*proteins involved in the host-pathogen PPI dataset predicted by our stringent DDI-based approach.

We also analyze the pathway enrichments for the *M. tuberculosis*H37Rv proteins, because IntPath \[[@B18]\] also supports pathway analysis for this and other important pathogens. The pathway analysis on the *M. tuberculosis*H37Rv proteins involved in *H. sapiens-M. tuberculosis*H37Rv PPIs predicted by the stringent DDI-based approach is given in Table [6](#T6){ref-type="table"}.

###### 

Pathway enrichment analyses of *M. tuberculosis*H37Rv proteins involved in the host-pathogen PPI dataset predicted by the stringent DDI-based approach.

  Pathway names               p-value
  --------------------------- ---------
  Fatty Acid *β*oxidation I   6.78E-3
  Naphthalene degradation     7.29E-3

This table summarizes the most significantly enriched pathways for *M. tuberculosis*H37Rv proteins involved in the host-pathogen PPI dataset predicted by our stringent DDI-based approach.

Analysis of domain properties of proteins involved in host-pathogen PPIs
------------------------------------------------------------------------

The analysis of protein domain properties considers the number of domains and the degrees of domains on proteins. The protein domain properties directly reflect differences between the proteins involved in inter-species host-pathogen PPIN and intra-species PPIN. We analyze the domain properties of both *M. tuberculosis*H37Rv and *H. sapiens*involved in the predicted host-pathogen PPIs, and comparing them with other proteins in their own intra-species PPIN. As a control experiment, we also conduct the same analysis on the *H. sapiens*proteins in the gold standard *H. sapiens*-HIV PPIs \[[@B19]\] to see whether the *H. sapiens*proteins in the gold standard *H. sapiens*-HIV PPIs exhibit similar properties.

As the host-pathogen PPIs are predicted by the stringent DDI-based approach, to avoid biased analysis, we use a different domain annotation system in this analysis. The annotation of both *M. tuberculosis*H37Rv and *H. sapiens*protein domains is accomplished using HMMER-V3.0 \[[@B20]\]. The domain profiles used in the protein domain annotation are Pfam-A \[[@B21]\]. The threshold for the domain annotation is E-value(iE-value) *≤ E −*20 and accuracy *≥*0.9. For each domain annotated on each protein, we retrieve the sequences of these domains on every protein for the following analysis.

For the domain degree analysis, we obtain the DDI(Domain-Domain Interaction) data from the DOMINE database. DDIs \"inferred from PDB entries\" and \"high confidence predictions\" in the DOMINE database are considered in this study, while \"medium confidence predictions\" and \"low confidence predictions\" are discarded. For each domain, we count the number of interaction partners in the DOMINE database(only \"inferred from PDB entries\" and \"high confidence predictions\") as the degree of that domain. We analyze the above protein domain properties and summarize the results in Table [7](#T7){ref-type="table"}.

###### 

Protein domain property analysis result.

  Organism                 *H. sapiens*proteins   *H. sapiens*proteins                 
  ------------------------ ---------------------- ---------------------- ------------- -------------
  **PPIN**                 **Hum-Mtb**            **Hum-Hum**            **Hum-HIV**   **Hum-Hum**
                                                                                       
  Average No. of domains   1.79                   1.31                   1.42          1.27
  P-value                  4.40E-5                9.14E-17                             
                                                                                       
  Average Domain degrees   17.95                  10.22                  13.23         9.21
  P-value                  1.79E-2                1.04E-10                             

This table summarizes the protein domain analysis for *H. sapiens*proteins involved in the host-pathogen PPI dataset predicted by our stringent DDI-based approach comparing with the proteins involved in intra-species PPIN. Protein domain property analysis for *H. sapiens*proteins involved in gold standard *H. sapiens*-HIV PPI dataset \[[@B19]\] has also been conducted. In the table there are some abbreviations. Hum-Mtb: in predicted *H. sapiens-M. tuberculosis*H37Rv PPIN. Hum-Hum: in *H. sapiens*intra-species PPIN. Hum-HIV: in gold standard *H. sapiens*-HIV PPIN.

Software Packages and Datasets
------------------------------

The software packages and database tools used in this study are:

• IntPath \[[@B18]\]

• Cytoscape \[[@B22]\]

• InterPro \[[@B10]\]

• InterProScan \[[@B23]\]

• DAVID \[[@B17]\]

The datasets used in this study are:

• *M. tuberculosis*H37Rv PPI dataset consisting of four reliable subsets of the B2H PPI dataset and STRING PPI dataset(threshold at 770) \[[@B16]\].

• *H. sapiens*physical PPI dataset collected from MINT \[[@B13]\], BioGRID \[[@B14]\], and IntAct \[[@B15]\]; date of download is November 10, 2011.

• *S. cerevisiae*physical PPI dataset collected from MINT \[[@B13]\], BioGRID \[[@B14]\], and IntAct \[[@B15]\]; date of download is November 10, 2011.

• Protein domain annotation (protein2ipr) from InterPro \[[@B10]\]; date of download is March 5th, 2012.

• DDI data from the 3did database \[[@B7]\](version November 28, 2010).

• DDI data from the DOMINE database V2.0 \[[@B24]\].

• Pfam-A Domain profiles \[[@B21]\].

• *H. sapiens*-HIV-1 PPI dataset downloaded from \"HIV-1, human protein interaction database at NCBI\" \[[@B19]\].

Results
=======

Prediction of host-pathogen PPIs
--------------------------------

Because of the stringent alignment threshold used for identifying query and template domain instances, lots of instances with large sequence variation under the same domain ID are filtered out, leaving very few domain instances for study. Also, our template interacting domain instances are from structurally resolved data in 3did, therefore the template domain instances are a relatively small number. Due to these two factors, our stringent DDI-based approach predicted PPI datasets are usually small. We have predicted 92 *H. sapiens-M. tuberculosis*H37Rv PPIs and this small set of predicted host-pathogen PPIs are analyzed using several approaches as discussed in the following sections. We visualize the predicted host-pathogen PPIN consisting of these 92 *H. sapiens-M. tuberculosis*H37Rv PPIs using Cytoscape \[[@B22]\] in Figure [1](#F1){ref-type="fig"}. The orange dots are *M. tuberculosis*H37Rv proteins, while the blue dots are *H. sapiens*proteins. The predicted *H. sapiens-M. tuberculosis*H37Rv PPI dataset can be found in the Additional Files [1](#S1){ref-type="supplementary-material"}. From Figure [1](#F1){ref-type="fig"} we can observe that, like many host-pathogen PPINs, the pathogen proteins tend to be hubs in host-pathogen PPIN.

Prediction of intra-species PPIs
--------------------------------

Currently no large-scale high-quality *H. sapiens-M. tuberculosis*H37Rv dataset is available. So we can not directly assess the performance of our stringent DDI-based approach in the inter-species host-pathogen system. Reluctantly, we turn to the intra-species system for the assessments. We predict intra-species *H. sapiens*PPIs using the stringent and the conventional DDI-based approaches. Altogether 839 *H. sapiens*PPIs are predicted by the stringent DDI-based approach. In contrast, 724185 *H. sapiens*PPIs are predicted by the conventional DDI-based approach. Just from the number of PPIs predicted by two approaches the differences are obvious. Our stringent DDI-based approach relies on very high sequence similarity to the template domain instances and stands on the stringent domain instances to make the prediction. Therefore only a small amount of PPIs are predicted. And the small number of structurally resolved template interacting domain instances also limits the number of PPIs we can predict using our stringent DDI-based approach. Whereas the conventional DDI-based approach derives the possible interacting domain information from known PPI datasets(which can be abundant for some species), and treats all domain instances annotated under the same domain ID as the same. So a large number of PPIs can be predicted by the conventional DDI-based approach. We compare the performance of our stringent DDI-based approach and the conventional DDI-based approach based on gold standard PPI datasets and percentage of PPIs having coherent informative GO terms.

Assessment based on gold standard *H. sapiens*PPIs
--------------------------------------------------

We collect the known *H. sapiens*physical PPI dataset from MINT \[[@B13]\], BioGRID \[[@B14]\], and IntAct \[[@B15]\] as our gold standard PPI dataset to assess the *H. sapiens*PPIs predicted by the stringent and the conventional DDI-based approaches. We calculate and plot the precision-recall curve of the stringent and the conventional DDI-based approaches; see Figure [2](#F2){ref-type="fig"}. From the plots we can see both of the prediction approaches achieve better precision when the threshold increases. This shows that the scoring strategies adopted by both prediction approaches in calculating the \"interaction strength\" are valid in telling the likelihood of predicted PPIs being real. From the precision-recall curves, one can clearly tell that overall the stringent DDI-based approach consistently predicts PPIs with much higher precision than that of the conventional DDI-based approach; see Figure [2](#F2){ref-type="fig"}. As the conventional DDI-based approach makes a large number of predictions, it has higher recall. The precision-recall curve shows that our stringent DDI-based approach can only predict small amount of PPIs but with much higher accuracy than the conventional approach. As the two approaches predict very different number of PPIs, we also choose some special points to compare the performance of the two prediction approaches, see Table [1](#T1){ref-type="table"}. We can see that when our stringent DDI-based approach predicts 839 *H. sapiens*PPIs, 82 of which overlap with the gold standard; when the conventional DDI-based approach predicts 885 *H. sapiens*PPIs, only 11 of which overlap with the gold standard. Our stringent DDI-based approach has to predict 839 *H. sapiens*PPIs in order to have 82 *H. sapiens*PPIs overlapping with the gold standard. The conventional DDI-based approach has to predict 3085 *H. sapiens*PPIs in order to have 81 *H. sapiens*PPIs overlapping with the gold standard; see Table [1](#T1){ref-type="table"}. All these assessments using the gold standard *H. sapiens*PPIs clearly show that our stringent DDI-based approach is more stringent and has better performance than that of the conventional DDI-based approach.

Assessment based on coherent informative GO annotation of predicted *H. sapiens*PPIs
------------------------------------------------------------------------------------

To further compare the performance of the stringent and the conventional DDI-based approaches, we calculate the percentage of PPIs that have coherent informative GO terms. From Figure [3](#F3){ref-type="fig"} and Figure [4](#F4){ref-type="fig"}, the overall percentage of PPIs having coherent informative GO terms reveals that both approaches work well\--as moving towards to a higher threshold (smaller number of top PPIs) leads to a higher percentage of PPIs having coherent informative GO terms. As shown in Figure [3](#F3){ref-type="fig"}, the PPI dataset predicted by our stringent DDI-based approach starts with high percentage of PPIs having coherent informative GO terms; this indicates overall good performance as the PPI dataset predicted by our stringent DDI-based approach has low noise level and high quality. In contrast, the PPI dataset predicted by the conventional DDI-based approach does not show as good performance as the stringent DDI-based approach in terms of the overall percentage of PPIs having coherent informative GO terms\--the PPI dataset predicted by the conventional DDI-based approach starts with a low percentage of PPIs having coherent informative GO terms, especially very low percentage of cellular compartment (CC) terms and biological process (BP) terms; this indicates that the PPI dataset predicted by the conventional DDI-based approach has high noise and the quality is not good. As the PPI datasets predicted by the two approaches are very different in the number of predicted PPIs, it may not be a sufficient assessment seeing only overall plots of percentage of PPIs having coherent informative GO terms. Therefore, we focus on the top 839 PPIs respectively predicted by the stringent and the conventional DDI-based approaches and plot their percentage of PPIs having coherent informative GO terms in Figure [5](#F5){ref-type="fig"}. We can clearly observe that PPIs predicted by the stringent DDI-based approach have consistently higher percentage of coherent informative CC and BP terms; see Figure [5](#F5){ref-type="fig"}. The percentage of PPIs that have coherent informative GO terms may also be influenced by the number of GO terms that are annotated to the proteins in the PPI datasets. So we summarize the number of GO terms that are annotated to proteins in all 839 PPIs predicted by the stringent DDI-based approach, and proteins in all 724185 PPIs and the top 839 PPIs predicted by the conventional DDI-based approach in Table [2](#T2){ref-type="table"}. This table shows that although a high percentage of the PPIs predicted at a high threshold by the conventional DDI-based approach has coherent informative GO terms, this may be due the fact that these top 839 PPIs are annotated with very few distinct GO terms. Even with such a smaller number of informative GO terms we can see that the percentage of PPIs predicted by the conventional DDI-based approach having coherent informative GO terms is still consistently lower than the stringent DDI-based approach; this strongly supports the conclusion that the stringent DDI-based approach has a much better performance than that of the conventional DDI-based approach in predicting reliable PPIs.

Cellular compartment distribution of *H. sapiens*proteins targeted by predicted host-pathogen PPIs.
---------------------------------------------------------------------------------------------------

The cellular compartment distribution of the *H. sapiens*proteins targeted by the host-pathogen PPIs predicted by our stringent DDI-based approach is an important indicator of the performance of the prediction approach and the quality of the *H. sapiens-M. tuberculosis*H37Rv PPIs predicted. If the targeted *H. sapiens*proteins are mostly located in cellular compartments having a close relationship with pathogen infection then the predicted results are more convincing. We identify the informative CC terms in *H. sapiens*proteins. Then we calculate the number and percentage of proteins in the datasets that have been annotated with each of the informative CC terms. Then we plot the located informative CC terms for the targeted *H. sapiens*proteins by the stringent DDI-based approach in Figure [6](#F6){ref-type="fig"}, with detail statistics given in Table [1](#T1){ref-type="table"}.

Many of the host-pathogen PPIs predicted by the stringent DDI-based approach target *H. sapiens*proteins located in very relevant cellular compartments. *M. tuberculosis*H37Rv infection has a close relationship with mitochondria activities and function and induces quantitatively distinct changes in the mitochondrial proteome \[[@B25]\]. Ultrastructural changes in the mitochondria and mitochondrial clustering are also observed in the *M. tuberculosis*H37Rv infected cells \[[@B25]\]. The augmentation of mitochondrial activity by *M. tuberculosis*H37Rv enables manipulation of host cellular mechanisms to inhibit apoptosis and ensure fortification against anti-microbial pathways \[[@B25]\]. Therefore mitochondrial matrix(GO:0005759), mitochondrial outer membrane(GO:0005741) and proton-transporting two-sector ATPase complex(GO:0016469), are relevant to *M. tuberculosis*H37Rv infection.

*H. sapiens*proteins located at flagellum (GO:0019861) have much higher chance of interacting with *M. tuberculosis*H37Rv during infection as proteins located at flagellum are the first set of proteins that *M. tuberculosis*H37Rv comes across before invading the cell.

The CC term peroxisomal part(GO:0044439) is also strongly related to *M. tuberculosis*infection. It is found that the interaction between the mycobacterial phagosome and the endoplasmic reticulum leads to proteasome degradation and MHC class I presentation of *M. tuberculosis*antigens.

Focal adhesion(GO:0005925) is also closely interconnected to the *M. tuberculosis*infection process. In many bacterial pathogens, protein tyrosine phosphatases (PTPases) are essential for dephosphorylating host focal adhesion proteins and focal adhesion kinase. This dephosphorylation leads to destabilization of focal adhesions involved in the internalization of bacterial pathogens by eukaryotic cells \[[@B26],[@B27]\]. Therefore the proteins located at \"Focal adhesion\" compartment are very important target for *M. tuberculosis*infection of host. This strongly supports the validity of the prediction results of our stringent DDI-based approach.

The cellular compartment lamellipodium(GO:0030027) also supports the validity of our prediction results. It has been reported that host cell\'s actin filament network is interfered by pathogenic species of mycobateria \[[@B28]-[@B30]\]. A more recent study shows that *M. tuberculosis*affects actin polymerisation \[[@B31]\].

The CC term nucleolus(GO:0005730) may also be related to *M. tuberculosis*infection, as *M. tuberculosis*infection of human macrophages blocks several responses to IFN-*γ*. The inhibitory effect of *M. tuberculosis*is directed at the transcription of IFN-*γ*-responsive genes \[[@B32]\]. Several studies show that *M. tuberculosis*and its purified protein derivative induced HIV LTR primarily through transcriptional activation \[[@B33]\].

The cellular compartment distribution analysis of the *H. sapiens*proteins targeted by host-pathogen PPIs strongly supports the validity of the PPI dataset predicted by our stringent DDI-based approach.

Functional enrichment analysis of proteins involved in host-pathogen PPIs
-------------------------------------------------------------------------

Functional enrichment analysis points out the possible functional relevance of *H. sapiens*proteins involved in the *H. sapiens-M. tuberculosis*H37Rv PPIN predicted by the stringent DDI-based approaches. The representative result\--the most significantly enriched level 5 MF GO terms\--is given in Table [4](#T4){ref-type="table"}.

Most of the significantly enriched functional categories are strongly related to *M. tuberculosis*H37Rv infection, including adenyl ribonucleotide binding(GO:0032559), ATPase activity, coupled to transmembrane movement of substances (GO:0042626), P-P-bond-hydrolysis-driven transmembrane transporter activity(GO:0015405), ATPase activity, coupled to transmembrane movement of ions(GO:0042625), long-chain-acyl-CoA dehydrogenase activity(GO:0004466), NADPH:quinone reductase activity(GO:0003960), NADPH binding(GO:0070402), retinol dehydrogenase activity(GO:0004745), retinol binding(GO:0019841), and MHC class I protein binding(GO:0042288).

As described above, *M. tuberculosis*H37Rv infection is closely related to the mitochondria. Therefore all those MF terms closely related to mitochondria are relevant to *M. tuberculosis*H37Rv infection; the relevant GO terms include ATPase activity, coupled to transmembrane movement of substances (GO:0042626), P-P-bond-hydrolysis-driven transmembrane transporter activity(GO:0015405), ATPase activity, coupled to transmembrane movement of ions(GO:0042625), NADPH:quinone reductase activity(GO:0003960), NADPH binding(GO:0070402).

MHC class I protein binding(GO:0042288) is a strongly immune-related term which is also very relevant to *M. tuberculosis*H37Rv infection. Proteins enriched in this term play an important role in presenting *M. tuberculosis*antigens, which is essential for the immune response to this pathogen.

The long-chain-acyl-CoA dehydrogenase activity(GO:0004466) is a fatty acid-related term which is very relevant to *M. tuberculosis*H37Rv infection. Fatty acids and cholesterol appear to be the favored nutrients for *M. tuberculosis*inside *H. sapiens*cells \[[@B34]\]. The breakdown of fatty acids and cholesterol can generate propionyl-CoA, which gives rise to potentially toxic intermediates \[[@B34]\]. Through the methylcitrate cycle, the methylmalonyl pathway, or incorporation of the propionyl-CoA into methyl-branched lipids in the cell wall, *M. tuberculosis*expands the acetyl-CoA pool and alleviates the pressure from propionyl-CoA \[[@B34]\].

This functional enrichment analysis shows that our stringent DDI-based approach is accurate and has merits in identifying possible *H. sapiens*proteins that are involved in *H. sapiens-M. tuberculosis*H37Rv PPIs.

Pathway enrichment analysis of proteins involved in host-pathogen PPIs
----------------------------------------------------------------------

Pathway enrichment analysis of the proteins involved in host-pathogen PPIN can provide rich information on the functional relevance of (both the host and pathogen) proteins involved in the host-pathogen PPIN. The analysis should show that the host proteins involved in host-pathogen interactions is a set of proteins that have functional correlation to pathways relevant to the pathogen\'s infection. Indeed *H. sapiens*proteins involved in the *H. sapiens-M. tuberculosis*H37Rv PPIN predicted by the stringent DDI-based approach are mostly enriched in the pathways are closely relevant to *M. tuberculosis*infection; see Table [5](#T5){ref-type="table"}. For example, \"Fatty Acid Metabolism\", \"Fatty Acid Beta Oxidation\", and \"Glycolysis and Gluconeogenesis\" are closely related to *M. tuberculosis*infection as fatty acids are one of the favored nutrients for *M. tuberculosis*inside *H. sapiens*cells \[[@B34]\]. *M. tuberculosis*is able to grow on a variety of carbon sources, but mounting evidence has implicated fatty acids as the major source of carbon and energy for *M. tuberculosis*during infection \[[@B35]\]. And *M. tuberculosis*switches its carbon source from sugars to fatty acids during the persistent phase of infection \[[@B36]\]. Biosynthesis of sugars from intermediates of the tricarboxylic acid cycle is essential for growth \[[@B35]\]. The pathways \"Metabolic Pathways\", \"Valine, Leucine and Isoleucine Degradation\", \"2-Oxobutanoate Degradation I\", and \"Ethanol Degradation II (cytosol)\" maybe also be very related to *M. tuberculosis*infection as they are closely involved with intermediates of the tricarboxylic acid cycle which is essential for the growth of *M. tuberculosis*\[[@B35]\]. And they may also contribute to the carbon flow of *M. tuberculosis*metabolism inside the human cell.

*M. tuberculosis*H37Rv proteins involved in the *H. sapiens-M. tuberculosis*H37Rv PPIN predicted by the stringent DDI-based approach are significantly enriched in the \"Fatty Acid *β*oxidation I\" pathway, see Table [6](#T6){ref-type="table"}. This strongly supports the validity of our prediction results. As discussed above, fatty acids are the major source of carbon and energy for *M. tuberculosis*during infection \[[@B35]\], and pathways involved with fatty acids metabolism strongly indicate association with the infection state of *M. tuberculosis*H37Rv. It is found that when the pathogen\'s acyl-coenzyme A synthetase gene is disrupted, infected mice survive significantly longer than those infected with the wild type, thus suggesting attenuation of the mutated pathogen. In fact the pathogen never attains the plateau phase of infection in mouse lungs when pathogen\'s acyl-coenzyme A synthetase gene is disrupted \[[@B37]\]. *M. tuberculosis*fatty acyl-coenzyme A synthetase gene may serve to recycle mycolic acids for the long-term survival of the tubercle bacilli \[[@B37]\]. Carbon rerouting is marked by a switch from metabolic pathways generating energy and biosynthetic precursors in growing bacilli to pathways for storage compound synthesis during growth arrest \[[@B36]\]. This analysis result is in accord with the above cellular compartment distribution, functional enrichment analysis.

All the results support the validity of the *H. sapiens-M. tuberculosis*H37Rv PPIs predicted by our stringent DDI-based approach. Therefore the prediction results from our stringent DDI-based approach can serve as a reliable reference of PPIs between *H. sapiens*and *M. tuberculosis*H37Rv.

Analysis of domain properties of proteins involved in host-pathogen PPIs
------------------------------------------------------------------------

We compare two domain properties of both *H. sapiens*and *M. tuberculosis*H37Rv proteins in the predicted *Hsapiens-M. tuberculosis*H37Rv PPIN and their own intra-species PPIN. We also conduct a similar analysis on *H. sapiens*proteins involved in the gold standard *H. sapiens*-HIV PPIN \[[@B19]\] as a control experiment. Table [7](#T7){ref-type="table"} provides summary results from the analysis of *H. sapiens*and *M. tuberculosis*H37Rv proteins. It is obvious that *H. sapiens*proteins targeted by the predicted *H. sapiens-M. tuberculosis*H37Rv PPIN show properties very similar to those *H. sapiens*proteins targeted by the gold standard *H. sapiens*-HIV PPIN \[[@B19]\]. This also supports the validity of our prediction results to some extent.

Both in the predicted *H. sapiens-M. tuberculosis*H37Rv PPIN and in the gold standard *H. sapiens*-HIV PPIN, *H. sapiens*proteins tend to have more domains and those domains tend to have higher degrees than those proteins in the intra-species *H. sapiens*PPIN.

The discoveries found by analyzing domain properties may be helpful in illuminating the basic mechanisms of how the host and pathogen proteins interact with each other, and may be useful in assessing the predicted host-pathogen PPIN.

Discussion
==========

Sequence similarity between domain instances in DDI-based prediction
--------------------------------------------------------------------

Comparing with conventional DDI-based approaches, our stringent DDI-based approach emphasizes the importance of domain instances in inferring interactions from template DDIs. While this emphasis on stringent sequence similarity between template and query domain instances in transferring interaction results in significant improvement on prediction performance, it also draws attention to the large sequence variation among domain instances which may limit conventional DDI-based approaches.

It is also noteworthy that many new prediction algorithms based on the stringent alignment of domain instances can be proposed to predict possible intra- and inter-species PPIs.

Pros and cons of DDI-based prediction
-------------------------------------

The advantages of our stringent DDI-based approach have been discussed above, as it can predict more accurate PPIs on a small scale. The possible limitation of this approach is the lack of large-scale high-quality structurally-resolved DDIs. However, it is reasonable to expect more protein complex structures will be resolved, and the effectiveness of our stringent DDI-based approach will consequently be significantly strengthened.

Producing only a small amount of PPIs does not distract us from the merits of our stringent DDI-based approach, because the small number of highly accurate PPIs may already be more valuable than a huge amount of PPIs with a substantial fraction of noise. Highly accurate predicted PPIs, even though small in size, are usually very welcomed in experimental research, as they are a much more valuable reference for experimental verification than large datasets with high noise.

Accurate sequence alignment among domain instances are much more computationally expensive than the conventional DDI-based approach. This may limit the application of our stringent DDI-based approach to large-scale prediction of PPIs across many host-pathogen systems.

Conclusion
==========

In this work, we have proposed a stringent DDI-based prediction approach based on high sequence similarity between template domain instances and query domain instances. The assessment based on gold-standard *H. sapiens*PPIs and informative GO annotation shows that the stringent DDI-based approach performs better than the conventional DDI-based approach. We have also predicted a small set of accurate *H. sapiens-M. tuberculosis*H37Rv PPIs. Through cellular compartment distribution, functional enrichment, and pathway enrichment analysis, we have demonstrated that this small set of accurate *H. sapiens-M. tuberculosis*H37Rv PPIs is valid and closely corresponds to *M. tuberculosis*H37Rv infection. This dataset of *H. sapiens-M. tuberculosis*H37Rv PPIs can be used for a variety of related studies as an important reference.
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